We assume a grid cell is comprised of N discrete points and let n represent the total number of times these points are impacted, letting n = IN , where I is the summed impact rate. Note that n can exceed N if I > 1 indicating that some points are impacted more than once, which arises from spatially overlapping impacts. If the impacts are distributed randomly among the points, then each have the same probability of impact, p, where p = 1 N . We can then use the Binomial distribution to model the expected probability of a point impacted k times given n total impacts as,
1
N . We can then use the Binomial distribution to model the expected probability of a point impacted k times given n total impacts as,
If we let λ = n/N = I, representing the expected number of impacts per point, and consider a grid cell to contain an infinite set of points, then as N → ∞, Eq. S1 yields the Poisson distribution,
Our interest is in calculatingĨ, the proportion of a grid cell impacted by fishing, which we interpret here as the the proportion of points impacted by at least one fishing event. We can calculateĨ from Eq. S2 by subtracting the proportion of points not impacted (k = 0) from one, thus yielding Eq. 6, Testing assumption and sensitivity of random fishing effort Following Ellis et al. (2014) we can relax the assumption of random fishing effort by using a Negative Binomial distribution to model multiple impacts at a given location rather than a Poisson distribution (Eq. S2), which allows us to estimate overdispersion or underdispersion of fishing effort. We estimate the probability of k impacts to a point by, Pr(k|µ, β) = Γ(µ/β + k) k!Γ(µ/β)
where µ is the expected impacts per point. As with λ in Eq. S2, we let µ = I. The β parameter is an aggregation term where β > 0 represents an increasing amount of spatial aggregation and β < 0 represents uniformity in the spatial distribution of impacts, with β = −1 being the lower limit representing a complete spatially uniform distribution. As β → 0, the negative binomial distribution approaches the Poisson distribution from Eq. S2, representing a random spatial point process. We can use the same approach used to derive Eq. S3 to calculateĨ from the Negative Binomial distribution, We used Eq. S5.f to test whether observed fishing in the North Pacific violated the assumption that effort is spatially random within grid cells as implied by Eq. 6. While it may be desirable, and at first glance possible, to avoid the use of Eq. 6 altogether by estimatingĨ i,t,s using a geospatial "dissolve" of individual impact events, (I i,t,s,j(g) ), this approach is not possible because I i,t,s,j(g) is not spatially explicit given the current model formulation. Although swept area by an individual fishing activity is spatially explicit within a grid cell and time step (A i,t,j(g) ), the additional parameters used to calculate I i,t,s,j(g) are not (c, q, and φ) . In other words, although the spatial extent of a fishing activity is known, the actual location of seafloor contact, and the habitat features that are impacted within that swept area, can only be estimated as a proportion of the swept area.
To test the assumption of random effort, we utilized nominal swept area summed across gears (A i,t,s,• ) as a proxy for I i,t,s,j(g) to estimate b within grid cells for a given month. Empirical measures ofÃ i,t,s,• were calculated by by dissolving swept area polygons (buffered VMS tracks) in a GIS, thus removing overlaps directly. Because of the computational demand to dissolve these polygons, we randomly sampled 1,000 monthly grid cells for this analysis. The b parameter was calculated for each sample grid cell as:
The resulting distribution of b ranged from 0.05 -1.27, with a mean ofb = 0.97 and a prominent mode at b ≈ 1 (Fig S1, left panel) . Most observations (90%) were within of b = 1 ± 0.1, although ≈ 9% were calculated with b < 0.9 indicating that although the approximation of random fishing effort was appropriate for most grid cells, some had substantially aggregated effort.
To explore the sensitivity of model outputs to these violations of random effort, we ran 100 iterations of the model substituting Eq. S5.f for Eq. 6 to run the model (Fig. S1 , right panel). For each grid cell and time step, the value of b was randomly selected from empirical distribution of 1,000 b's calculated above. The mean estimate of habitat disturbance from these 100 model runs was about 0.13 percentage points lower compared to the baseline model. 
Sensitivity analysis
We conducted several scenarios to evaluate the sensitivity of model outputs in the North Pacific implementation of the Fishing Effects model to input parameter values and initial conditions. First, we ran 100 iterations of the baseline model to evaluate sensitivity of habitat disturbance output to stochastic draws of the habitat sensitivity and recovery (q s(g) andτ s from Tables S1 -S5), and gear contact adjustment parameters (c j(g) from Table S6 ). Second, we fixed c j(g) , q s(g) , andτ s at their respective maximum and minimum values, associated with empirical parameters values that would lead to the highest or lowest expected disturbance outcomes given a fixed history of fishing effort. Third, we explored the sensitivity of the baseline model to the initial conditions, implementing runs with all cells in either pristine (H 0 = 1; h 0 = 0) or completely disturbed (H 0 = 0; h 0 = 1) state. Lastly, we ran a scenario with no recovery (τ = ∞,ρ = 0) to provide an upper bound on habitat disturbance.
These analyses indicated that variability due to stochastic selection of recovery and impact parameters was minimal, with coefficient of variation of about 1% for the estimate for any given month among 100 model iterations (Fig. S3, grey lines) . Domain-wide habitat disturbance varied when impact and recovery parameters were fixed at their lower and upper values. With parameters fixed to values associated with maximum and minimum disturbance, terminal habitat disturbance ranged from 0.9% -estimated at 6.2% ( Calculations of susceptibility and recovery Grabowski et al. (2014) calculated vulnerability scores for habitat features that represent a range of recovery and susceptibility values. The scores were initally published as part of the Swept Area Seabed Impacts (SASI) model developed for the New England Fishery Management Council (NEFMC). Tables S1 -S5 below are adopted from the SASI document (NEFMC 2011). For some habitat features, separate scores for low and high physical energy levels based on benthic boundary shear stress (low energy: <0.194 Nm −2 ) or depth (low energy: >60 m depth). In these cases, we used the low energy values because fishing locations in the North Pacific are generally at depths greater than 60 m. Additionally, we capped the maximum mean recovery time ofτ = 10 years (τ * = 30 years) to provide an upper bound on the longest recovery score (originally defined asτ > 5 years). 
